14 15 2 SUMMARY 16 Plants produce a myriad of specialized metabolites to overcome their sessile habit and combat biotic as 17 well as abiotic stresses. Evolution has shaped specialized metabolite diversity, which drives many other 18 aspects of plant biodiversity. However, until recently, large-scale studies investigating specialized 19 metabolite diversity in an evolutionary context have been limited by the impossibility to identify 20 chemical structures of hundreds to thousands of compounds in a time-feasible manner. Here, we 21 introduce a workflow for large-scale, semi-automated annotation of specialized metabolites, and apply 22 357
it for over 1000 metabolites of the cosmopolitan plant family Rhamnaceae. We enhance the putative 23 annotation coverage dramatically, from 2.5 % based on spectral library matches alone to 42.6 % of total 24 MS/MS molecular features extending annotations from well-known plant compound classes into the dark 25 plant metabolomics matter. To gain insights in substructural diversity within the plant family, we also 26 extract patterns of co-occurring fragments and neutral losses, so-called Mass2Motifs, from the dataset; 27 for example, only the Ziziphoid clade developed the triterpenoid biosynthetic pathway, whereas the 28 Rhamnoid clade predominantly developed diversity in flavonoid glycosides, including 7-O-29 methyltransferase activity. Our workflow provides the foundations towards the automated, high- 30 throughput chemical identification of massive metabolite spaces, and we expect it to revolutionize our 31 understanding of plant chemoevolutionary mechanisms. 32 33 Specialized metabolites, also called secondary metabolites or natural products, are molecules produced 34 by all higher plants; and deployed for the survival in a competitive environment (Hartmann, 2007) . The 35 chemical diversity in the plant kingdom has been accumulated over evolutionary time. Therefore, the 36 distribution of specialized metabolites across the plant kingdom is an important aspect of phenotyping 37 that can, for example, provide us with insights about the evolution of biosynthetic pathways (Wink, 2003) . 38 However, directly assessing plant chemical diversity is extremely challenging and several bottlenecks 39 have limited large-scale studies investigating the evolutionary history of plant specialized metabolism. 40 Chemotaxonomic studies assessing the relationship between plant morphological characters and 41 chemical composition have largely depended on literature surveys, which do not only require a large 42 investment in time and labor but also involve a lot of biases. For example, there is a general emphasis 43 towards single isolated plant specialized metabolites that exhibit biological activities with 44 pharmaceutical interest (Harvey, 2008) ; also, it is common practice not to publish chemical structural 45 information of molecules, which do not exhibit structural novelty or biological activities of interest. 46 Experimentally assessing chemical diversity among plants has been limited by the inability to automate 47 chemical structural characterization, something that is still an inherently slow and largely manual process 48 that needs expert knowledge. 49 Here, we introduce a scalable workflow to digitize diversity and distribution of plant specialized 50 metabolites using mass spectrometry (MS) in combination with a series of computational mass 51 spectrometry data analysis tools. In theory, tandem mass spectrometry (MS/MS) contains a lot of 52 information that can be used to gain structural insight into the molecules that are detected (Ernst et al., 53 2014). However, annotation, classification and identification of metabolites that are detected by MS is 54 still a significant obstacle in plant metabolomics workflows, in contrast to high-throughput 55 4 characterization of DNA, RNA, and proteins where annotation and classification have become much 56 more routine even when MS/MS is employed (Nakabayashi and Saito, 2013) . Computational tools such 57 as in silico fragmentation predictors and combinatorial fragmentators (Allen et al., 2014 , Duhrkop et al., 58 2015 , Ruttkies et al., 2016 , da Silva et al., 2018 and molecular networking (Watrous et al., 2012 , Wang 59 et al., 2016 combined with library matching to reference spectra have enabled automated chemical 60 structure annotations in recent years. Even with those advances, only ~2-5 % of the MS/MS spectra can 61 be annotated in an experiment (da Silva et al., 2015 , Wang et al., 2016 , Aksenov et al., 2017 . To enhance 62 the coverage of putative annotation on MS/MS spectra, we developed a scalable semi-automated 63 approach towards the characterization of plant specialized metabolites by integrating several 64 computational MS/MS data analysis methods ( Figure 1 ). Most previous in silico annotation methods 65 focused on putative identification of individual molecules of interest; in contrast, our workflow putatively 66 annotates molecular families (groups of molecules having common chemical scaffolds; Nguyen et al., 67 2013). Combining information on both full structures and predicted substructures of multiple molecules, 68 and the motifs and fragmentation patterns associated with these, allows our workflow to greatly extend 69 the number of spectra that can be annotated. We developed a scalable semi-automated approach towards 70 the chemotaxonomic characterization of plants, and demonstrate the efficiency of our workflow on a 71 unique collection of extracts of 70 species from the Rhamnaceae family. Rhamnaceae is a cosmopolitan 72 plant family of ~50 genera and 900 species (Richardson et al., 2004) . Rhamnaceae species are known for 73 their exceptional morphological diversity and high genetic variation, likely as evolutionary consequences 74 associated with its wide geographic distribution and many different habitats (Hardig et al., 2000 , 75 Hauenschild et al., 2016a , Hauenschild et al., 2016b . Although there are some family-specific 76 metabolites such as ceanothane-type triterpenoids (Kang et al., 2016) and cyclopeptide alkaloids 77 (Tuenter et al., 2017) , little chemistry is known from this family. We employed next generation 78 5 metabolomics data analysis strategies to provide structural insight into hundreds of specialized 79 metabolites both at the level of chemical class and diversified scaffolds. , 2016) . The resulting molecular network consisted of 2,268 mass spectral nodes organized into 141 96 independent molecular families (two or more connected nodes of a graph; Nguyen et al., 2013) . We 97 investigated chemical diversity in relation to the most recent phylogenetic study (Sun et al., 2016) . Based 98 on this phylogenetic hypothesis, our 70 Rhamnaceae species spanned 15 genera. These 15 genera are 99 further grouped into two major phylogenetic clades, the Rhamnoid clade, comprising 8 genera and the 100 Ziziphoid clade, comprising a total of 7 genera (Richardson et al., 2000 , Sun et al., 2016 (Figure 2(b) ). 101 Phylogenetically closely related genera were assigned similar colors, so that phylogenetic relationships 102 could be visualized on the mass spectral molecular network (Figure 2(a) ). We observed that specialized 103 metabolite classes tend to be constrained to specific taxa. For example, more than 90% of the metabolites 104 within the molecular families A and B were predominantly found in one phylogenetic clade; Rhamnoid 105 for A and Ziziphoid for B (Figure 2(c) ). Furthermore, molecular family C exhibits molecules found in 106 representatives of both clades and several genera, suggesting widespread occurrence of certain 107 metabolite classes within Rhamnaceae species. We further detected species or genera-specific chemical 108 analogues. For example, some spectral nodes within the molecular family B are unique to the genus 109 Gouania, while the others are found only in Colubrina species. This finding reveals the presence of 110 closely related yet different chemical structures across members of these two genera. Molecular networking utilizes spectral similarity to group metabolites with the implicit assumption 136 that similar molecular structures will generate similar fragmentation spectra; thus, molecular families 137 comprising structurally similar molecules can likely be interpreted as distinct chemical classes. Based on 138 this hypothesis, structures annotated by NAP were classified based on their chemical scaffolds using 139 ClassyFire (Djoumbou Feunang et al., 2016) . ClassyFire assigned chemical structures to a chemical 140 ontology consisting of up to 11 different levels, and the most frequent consensus classifications per 141 molecular family were retrieved (Figure 3(a) ). Reliability of the ClassyFire analysis was validated using 142 9 two different scores. At first, the ratio of nodes returning any database hit from NAP, the coverage score, 143 was calculated for all molecular families. 90.78 % of all molecular families within our global network 144 showed a coverage score of over 0.7, indicating high structural library coverage of our samples (Figure 145 S10). Meanwhile, the consistency score, defined as the % of nodes that make up a molecular family, 146 indicates how coherent the ClassyFire classifications are (Figure 3(a) ). The NAP annotated molecular 147 families varied in their consistency. NAP is dependent on structural library hits, and many molecules that The complete heatmap can be found in Figure S11 . (Figure 5(a) ). Figure 5 (b) shows another example; molecular family D was putatively 210 identified as a family of triterpene esters. Different phenolic moieties such as protocatchuate, vanillate, 211 and coumarate were easily recognized in D, by analyzing the distribution of Mass2Motifs 28, 117, 120, 212 and 191. We validated 8 molecular annotations classified as flavonoids, anthraquinones, triterpenoids, 213 and peptides using reference standards, and all of them were confirmed as the correct structural 214 annotation (Result S2, Supporting Information) thus promoting them to MSI level 1 identifications 215 (spectra are available in GNPS public librarysee Result S2). Therefore, we suggest that the workflow 216 13 introduced in this article will enhance both the efficiency of dereplication, the process of identifying 217 "unknown knowns" from complex mixtures, and illumination of the "unknown unknown" dark 218 metabolic matter, both critical steps for the natural product drug discovery process. Although metabolomics is a rapidly growing discipline in plant science, its application is still relatively 234 limited, compared to genomics or transcriptomics. The lack of a high-throughput annotation method is 235 one of the major reasons for it. Using the integrative workflow based on MS/MS molecular networking, 236 we were able to putatively annotate and classify metabolites in high-throughput. Although most 237 annotations still need to be inspected and validated manually, we can reach consensus and higher 238 confidence in chemical structural data interpretation by using two different, complementary 239 computational approaches, MS2LDA and automated chemical classification of in silico annotated 240 structures within the mass spectral molecular networks. Therefore, we expect that this workflow, in (Qiu et al., 2016) . However, all these approaches not only rely on compound database content like our 253 approach but also previous knowledge such as reported phytochemical composition or metabolic 254 pathways. Unfortunately, this information is hard to obtain for many taxa; as there still is a large number 255 16 of plants whose metabolomic composition has never been investigated. Recent studies revealed that 256 convergent evolution can lead to identical specialized metabolites biosynthesized through different 257 unrelated pathways (Huang et al., 2016 , Zhao et al., 2016 . Therefore, researchers should consider the 258 risk of drawing incorrect conclusions when they apply specialized metabolic pathways established in 259 different plants. In this context, our approach has an advantage in digitizing and visualizing the chemical 260 space of both previously investigated as well as uninvestigated plants, because it does not have any 261 taxonomic bias using only MS/MS data and available molecular structures from compound databases. 262 Hence, our approach facilitates metabolomics studies with massive datasets from uninvestigated species 263 for botany, ecology, evolutionary biology, and natural products discovery. Detailed location and date for collection are listed in Table S1 . for tR of 30); ions from MS contaminants identified by blank injection and duplicate peaks were manually 308 removed from the aligned peak 
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